Using new data on returns and risk factors the paper considers the stock performance on the Japanese market, which is the second largest in the world and operates under unique macroeconomic conditions. We nd that the CAPM model is not an adequate approach for the Japanese market. The Carhart model performs reasonably well but fails to reject the null hypothesis of a zero intercept for the full period. Extended tests reveal a structural change in asset prices in the year 1998. When separating the sample into two periods, the standard four factor model explains market returns much better. We show that the relation between stock returns and risk factors is affected by macroeconomic conditions, especially when considering the momentum strategy. The Japanese case illustrates the necessity of considering structural instability related to the macroeconomic development, which is especially important for countries and time periods with a sluggish economy.
• Fama-French risk factors: SM B (small minus big; related to the size, i.e. market capitalization), HM L (high minus low; related to book-to-market value)
• Carhart's momentum factor: W M L (winner minus loser)
• Market return: RM
In the case of Japan, the market return RM is highly and signicantly correlated with the Tokio Stock Price Index (TOPIX); the estimated correlation is 0.996 in the VW (p-value < 0.0001) and 0.838 in the EW (p-value < 0.0001) case. Since there are no treasury bills in Japan, the usual proxy for the risk-free rate Rf is the Gensaki times series. However, Gensaki is not available for the full period; hence, we use the basic discount and loan rate (middle rate) as proxy for the risk-free rate, the data are also from Thomson Reuters. The basic discount and loan rate is highly positively correlated with the Gensaki rate; the correlation estimation yields 0.978 (p-value < 0.0001).
In order to analyze the returns, following the standard procedure in the literature, portfolios are formed each year with regard to size, book-to-market value and momentum. The breakpoints are chosen to be 0.5, see also Schmidt et al.
(2011), section 3.2. We consider the following portfolio-structures:
• 5x5 portfolios 5 size-ranges (small to big) / 5 B/M-ranges (low to high) 5 size-ranges (small to big) / 5 momentum-ranges (loser to winner)
• 4x4 portfolios 4 size-ranges (small to big) / 4 B/M-ranges (low to high) 4 size-ranges (small to big) / 4 momentum-ranges (loser to winner) In the empirical analysis we consider three versions of a factor pricing model. The dependent variable in the corresponding regressions is throughout the excess return of portfolio i (R it − Rf t ) which is regressed on dierent combinations of the four risk factors described above. b i , s i , h i and m i are the accordant factor sensitivities for each portfolio i which are estimated from the time series regressions. N is the number of portfolios with the index i and T is the number of observations over time indexed by t. Thus, for i = 1, 2, ..., N , the following model specications are considered:
a i and e it are asset return intercepts and disturbances, respectively. Model (1) is the Sharpe-Lintner version of the CAPM where excess portfolio returns are regressed on a constant and the excess market return only. Model (2) is often referred as the Fama-French three-factor-model including additionally the HM L and SM B factor. We refer to model (3) as the four-factor Carhart-like model where the momentum factor (W M L) is added to describe portfolio returns. Model (1) is applied to size-B/M-sorted portfolios only, whereas model (2) and (3) are applied to size-B/M-sorted as well as to size-momentum-sorted portfolios 1 . In a rst step, we descriptively analyze the sample moments of the variables involved. Then, by estimating the coecients from the models above, we study common variation in portfolio returns. Additionally, we comparatively evaluate the precision of the dierent asset pricing specications by the implication that each element of a=(a 1 , a 2 , ..., a N ) is zero for a single model, which should be the case if the factors involved completely explain excess returns. Therefore, we will form a Wald test statistic of the null hypothesis a=0 against the alternative hypothesis a =0. That is, we test the joint hypothesis that all intercepts are zero. A rejection of the null hypothesis indicates a deviation from the exact factor pricing model.
Based on MacKinlay and Richardson (1991), inference is rened by applying a GMM approach. For every model (1) to (3), we jointly identify the parameters of interest by estimating a system of equation including all portfolios. Therewith, compared to single equation OLS, we are able to relax the assumptions that returns conditional on the factor realizations are IID through time and jointly multivariate normal.
The analysis is focused on the 4x4 sorted portfolios for value weighted returns. We will check the result's robustness by additionally applying the described framework on equally weighted returns as well as on 5x5 sorted portfolios.
Following Bai and Perron (2003) , we then test for structural instability of the models and include breaking points into the empirical analysis. Further information is given in the following section. All calculations and estimations are conducted in R, version 2.12.2 (R Development Core Team, 2011).
3 Empirical evidence: full period 3.1 Descriptive statistics
Considering the sample moments of the explanatory returns in table 1 , we see that only the mean for the HM L factor is signicantly dierent from zero. Furthermore, the correlation matrix shows that the correlation coecients are generally low and only partly signicant 2 . Specically, we nd a negative correlation between RM and HM L, RM and W M L as well as between SM B and W M L.
The calculated means for the portfolios formed on size and book-to-market equity show that the returns increase monotonically and consistently from the lowest to the highest portfolio. Accordingly, as it is shown in table 2 the difference between the return of the highest B/M minus the lowest B/M portfolio is signicantly dierent from zero, which indicates a positive relation between average return and B/M equity. We also nd some evidence that there is a negative relationship between returns and size, but in a less consistent way. Specically, the returns in the biggest fourth portfolio seem to be greater than the next smaller portfolio return. Consequently, for each category, the dierence between the smallest and biggest portfolio is not statistically dierent from zero.
Looking at the portfolios formed on size and momentum in the lower sections of table 1 and table 2 , we observe that there is no clear evidence for a momentum eect from the average means. The dierence between the returns of the winner and the loser portfolio is not statistically dierent from zero through every size category. However, forming the portfolios on a size-momentum-basis instead of the size-B/M basis reveals a clear negative relationship between average returns and size, with the dierence of the return from the smallest minus the biggest portfolio being partly signicantly dierent from zero.
Generally, the descriptive statistics correspond with established ndings from the Japanese stock market, conrming the high quality and reliability of the newly constructed market returns and risk factors.
3.2
Regression results
The estimated parameters of model (1) are visualized in table 3. The b i s have the expected sign and magnitude, ranging around 1. They are highly signicant for every portfolio i. However, the b i s cannot suciently explain the dierences in returns between the portfolios. Moreover, in 4 out of 16 cases, the null-hypothesis of a i being equal to zero is rejected. The hypothesis for a i being jointly zero throughout all portfolios is rejected indicating a misspecication of the CAPM. As expected, we see from the left section of table 4 that the three factors in model (2) capture common variation in stock returns. The b i s are all highly signicant. s i and h i (except for a few exceptions) are also signicant. The slopes of HM L t and SM B t are related to size and B/M respectively. s i decreases with size and h i increases with a higher B/M ratio explaining the variation in portfolio returns described in the descriptive analysis. All estimates for a i are signicantly dierent from zero, and the joint hypothesis cannot be rejected which, compared to model (1) , indicates an improvement of the asset pricing specication.
The 16 estimated b i s in model (1) range from 0.773 and 1.077 with a sample variance of 0.006, whereas in model (2) they lie between 0.907 and 1.090 with a sample variance of 0.002. This shows that with regard to the excess market return the factor sensitivities in the three-factor model exhibit some form of convergence over the dierent portfolios. According to Fama and French (1993)"(...) Adding SMB and HML to the regressions collapses the betas for stocks toward 1 (...). This behavior is due, of course, to the correlation between the market and SMB or HML." Consistently, we can see in the correlation matrix from table 1 that the correlation between HM L and SM B is low and not signicant, whereas it is signicant between RM and HM L. Furthermore, the estimates for b i seem to be systematically lower in model (1) . Adding the momentum factor to the regression (2) does not change the results. b i , s i and h i are robust with regard to sign and magnitude. According to table 11, the values of the Wald statistics of the null hypothesis are slightly higher for the four-factor model, indicating some improvement in the description of portfolio returns. The momentum factor W M L is negative and partly signicant, especially for the portfolios with a low B/M ratio 3 . The results for model (3) are presented in the right section of table 4. The portfolios are now formed on size and momentum factors. The b i s are still highly signicant and range around 1. The s i and h i coecients are still signicant in most cases. Both factor sensitivities, however, show less signicance for the biggest portfolio category.
Except for two portfolios, the momentum-factor m i is signicant in explaining 3 The corresponding results can be obtained from the authors upon request. 7 common variation. We observe that m i is monotonically increasing from loser to winner portfolios, which, however, is not reected in the returns described in the descriptive statistics above. The reasons are possibly the eect of additional factors. From the regression results, we nd that for the winner portfolio h i s are consistently lowest within the corresponding size category. Remarkably, the null hypothesis a=0 is rejected at a very low signicance level. Thus, although model (3) consists of four risk factors, the asset pricing process is described poorly (or in an incomplete manner, to put it more mildly).
Applying model (2) to size-momentum-sorted portfolios does not change the results related to b i , s i and h i 4 . Comparing the corresponding values of the Wald statistic of the null hypothesis a=0 for model (2) and (3) in table 11 we see that, compared to the three-factor model, the inclusion of the momentum factor improves the description of portfolio returns only marginally.
Estimations for two periods 4.1 Structural change
Macroeconomic development of the Japanese economy suggests that the structure of the main economic time series does not necessarily remain the same throughout the full sample period. Therefore, with regard to the empirical models, we expect the parameters to be unstable over time. In this section, we statistically address the issue of possible structural changes. We compute F-statistics in order to compare the unsegmented full period model against every possible single-shift alternative. Following Andrews and Ploberg (1994), we reject the null hypothesis of structural stability if the supremum of these statistics is too large. The test is applied for every model and for every portfolio based on OLS estimations. From table 5 we derive that, apart from two exceptions, the null hypothesis of no structural change is rejected in any case. In the next step, given the evidence for a structural change, we assess the timing of the structural break by using the dating procedure of Bai and Perron (2003) . Although the test is conducted for every regression specically, we generalize the specic results from the 64 models such that we get a representative single breaking point. That is, in order to keep the design of the empirical analysis straight, we apply the same two sample periods to every model under examination.
The number of breaks is determined in advance by choosing the models with the minimal Bayesian information criterion (BIC) throughout dierent number of breakpoints. For 50% of the analyzed models the BIC is minimal at a single breaking point. Thus, given one breakpoint, the optimal sample segmentations are presented in table 6. In roughly 65% of the models the breaking point lies in the time period between 1997 and 2000. Excluding model (1) from the analysis this rate increases to 75% indicating a high degree of homogeneity in structural behavior throughout the models (2) and (3).
Fixing the breaking point at October 1998, we can visually recover the structural change by looking at the four cumulated risk factors in gure 1. The market return in the upper section shows only a slight structural modication, whereas the two segments are clearly distinguishable for the other three risk factors. For the HML factor, the process shows a rather stationary behavior in the rst period, whereas the second period seems to be governed by a positive trend. Compared to the rst period, the SMB factor uctuates around a lower average in the second period. For the WML factor, we can visually assess a distinct break around the year 1998 with the factor changing from a negative to a positive trend. For the following empirical analysis, we thus set the breaking point at January 1998. Considering the explanatory returns, from the descriptive statistics presented in table 7 and table 8 , we see that the calculated moments are quite similar to the full period sample. With regard to the dependent returns, we see that for the portfolios formed on size and book-to-market equity returns increase from the lowest to the highest portfolio for both time periods. The returns of the portfolios formed on size and momentum show some revealing properties. From table 9 and table 10 we nd evidence for the momentum strategy in period 2 because the winner portfolio signicantly outperforms the loser portfolio for two size-categories. On the other hand, there is evidence for a reversed momentum eect in period 1, with the loser portfolio exhibiting a higher average return than the winner portfolio for one size-category at the 15% signicance level. Thus, based on this descriptive analysis, the breaking point seems to be especially meaningful with regard to the momentum strategy.
Regression results
For model (1) presented in table 12 we cannot reject the null hypothesis a=0 for period 1, indicating a satisfying performance of the CAPM between 1984 and 1998. As for the full period, the same hypothesis is rejected for period 2. The estimates for b i are systematically higher in period 2. Similar to the estimates for the full time period, the inclusion of the SM B and HM L risk factors in table 13 improves the performance of the asset pricing model. In both cases we cannot reject the null hypothesis a=0. Also, the corresponding factor sensitivities explain common variation with s i decreasing in size and h i increasing with a higher B/M ratio. Generally, the estimates for s i and h i tend to be lower in period 1 then in period 2, whereas the estimates from the full period lie in between. There is some evidence that the b i s collapse towards 1 in model (3), however, this property is less pronounced and less consistent than for the full sample period.
The estimates from model (2) are robust to the inclusion of the W M L factor. However, the estimated factor sensitivity m i is not signicant in period 2 and only partly signicant in period 1.
In contrast to the full period estimates, the null hypothesis a=0 cannot be rejected for model (3) in both periods. That is, compared to the last section, we nd a clear improvement of the four factor model when applied separately for the two time periods. We see from table 14 that the estimated factor sensitivities b i , s i , h i and m i behave in a similar way as for the full period. Similar to model (2), s i and h i tend to be lower for period 1. The momentum sensitivity m i increases monotonically from loser to winner portfolios for both time periods. As for the full period, the application of the three-factor model to size-momentum-sorted portfolios does not notably change the results with regard to b i , s i and h i 5 . Other than for the full period, the comparison of the test statistics in table 11 reveals a more considerable improvement in the description of portfolio returns when the momentum factor is included.
The regression results as well as the descriptive statistics are mostly robust when applied to equally weighted portfolios sorted on a 4x4 and 5x5 basis as well as for value weighted portfolios sorted on a 5x5 basis. An exception are the equally weighted portfolios, where the null hypothesis a=0 for model (3) in period 2 is rejected, weakening somewhat the general result of the four factor model performing better when applied to the splitted sample. Furthermore, for equally weighted 5x5 portfolios in period 2, we do not nd signicant evidence for the momentum strategy calculated from the dierence in average portfolio returns. The corresponding tables containing the complete set of calculations and estimations can be obtained from the authors on request.
Conclusions
Using a new set of data and risk factors, our results for the Japanese stock market conrm that the commonly used risk factors à la Fama-French or à la Carhart are superior to CAPM and perform reasonably well. However, specic testing reveals that we have a structural break in 1998, indicating the change from a growing to a mainly stagnant economy. It turns out that splitting the data sample is especially important in several respects. First, other than for the full period, the hypothesis for the intercepts being jointly zero in the CAPM cannot be rejected for the rst period indicating a more satisfying performance of the basic model specication. Furthermore, considering the momentum strategy, descriptive statistics reveal a reversed eect with the loser portfolio exhibiting a higher average return than the winner portfolio in the rst period. With regard to regression analysis we nd that the Wald test for the intercepts being jointly zero cannot be rejected for the Carhart model after splitting the data sample, whereas the same test indicates that intercepts are not jointly zero for the full period. Hence, considering the structural break, the standard four factor model explains returns more adequately. This shows that the relation between risk factors and stock returns is inuenced by macroeconomic conditions, especially when including the momentum eect.
We conclude that, given the current sluggishness of the world economy, researchers and practitioners should be increasingly alert for structural breaks, following the growth expectations in the economy. Overall, the paper is another proof for the robustness of the Fama-French approach, for both periods of high and low economic growth. It also shows that the momentum eect is vulnerable when macroeconomic conditions change.
It would be interesting to see whether the new evidence for the Japanese market can be corroborated when performing similar tests for other markets. In addition, the international links between nancial markets with regard to the momentum eect would be interesting to study. This is left for further research.
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